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HONORS CAPSTONE ABSTRACT
All cyanobacteria, which perform oxygenic photosynthesis on Earth, contain the
photosynthetic pigment chlorophyll a (Chl a) that absorbs light in the violet and red region of
the visible spectrum. Cyanobacteria of the Acaryochloris species, however, contain the rare
photosynthetic pigment chlorophyll d (Chl d) that absorbs light in the far-red region. Chl d’s
ability to absorb light in this region allows it to avoid competing with other photosynthetic
organisms for light. Creating a photosystem that uses Chl d in plants would be of great use for
agricultural land optimization, but requires knowledge of the biosynthetic pathways of Chl d.
Previous research has been unsuccessful in understanding the production of Chl d, and our
research seeks to fill this gap of knowledge.
The aim of this project is to generate transcriptomic data on the genetic expression of
Chl d-producing cyanobacteria under far-red and white light and compare that data to the
expression of Chl a-producing cyanobacteria under the same light conditions. The comparison
of the genetic expressions of the samples will help to identify those genes responsible for Chl d
production through differential gene expression analysis. Differential gene analysis is
performed in a data processing pipeline that filters and normalizes the gene counts of our
samples, fitting them to a model where we can test for differential expression. The
development of this pipeline is ongoing, and we have tested model fitting and visualizations
using published data concerned with the genetic expression of Chl d cultures.
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Introduction/Background
The process of photosynthesis, the transformation of solar energy into chemical energy, is
vital to all living creatures on Earth. We as humans rely directly on oxygen-producing
(oxygenic) photosynthesis for its production of oxygen in our environment and indirectly rely on
photosynthesis for the promotion of plant growth. Cyanobacteria are the first organisms
identified as performing oxygenic photosynthesis on Earth over 3 billion years ago, turning the
Earth’s atmosphere into an oxygen-rich one. Cyanobacteria accomplish this with the use of
photosynthetic pigments, such as chlorophyll and carotenoids, that absorb light. Nearly all
cyanobacteria contain the photosynthetic pigment chlorophyll a (Chl a) for use as their primary
pigment in their photosystems. Chl a is able to absorb light in the violet and red regions of the
visible spectrum (~400nm and ~700nm regions, respectively), and thus is able to make use of the
white light let off by the Sun. Cyanobacteria of the Acaryochloris species, however, use a rare
photosynthetic pigment, chlorophyll d (Chl d), as their primary pigment to perform oxygenic
photosynthesis (Miyashita et al., 1996; Miyashita et al., 1997). Unlike Chl a, Chl d absorbs light
in the far-red region of light (~750nm region) and can then make use of the far-red light let off
by the Sun that would otherwise be reflected or dissipate into the environment.
Possessing this unique light harvesting system allows for cyanobacteria of the
Acaryochloris species to avoid competing with other organisms for light. This makes it of
interest for the possibility of incorporating Chl d into the photosystems of other organisms, such
as plants, to make use of far-red light in the environment. Particularly, establishing a Chl d
photosystem in plants would be of great use, allowing for crops that are normally in competition
with one another for light to instead grow in conjunction, such as crops grown underneath the
canopies of other crops. The difficulty with incorporating this Chl d-based photosystem in plants,
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however, is that such an accomplishment requires much more knowledge on the biosynthetic
pathways of Chl d that is currently unavailable. Previous research efforts have been limited in
this gap of Chl d knowledge (Swingley et al., 2008; Elias et al., 2021), which is where our
research study comes in.
The aim of this project is to generate missing transcriptomic data on Chl d containing
cultures of the Acaryochloris species and compare that transcriptomic data with data from
closely related Chl a containing species. Specifically, this project will investigate the genetic
expression of six cultures, three containing Chl d and three containing Chl a, under far-red and
white light treatments to compare how genetic expression in the cultures differs under the
different light conditions. As it is already known that Chl a absorbs light in the white light region
and Chl d absorbs light in the far-red light region, comparing how the expression of the cultures
differs under the light conditions will allow for us to identify what enzymes and their
corresponding genes are responsible for the production of Chl d in the Acaryochloris organisms.
Identifying those genes involved in the biosynthesis of Chl d is the first step in uncovering more
knowledge on how Chl d photosystems operate and how Chl d may be incorporated into the
photosystems of other organisms of interest.
Materials and Methods
To carry out our project study, a combination of wet lab methodology, experimental work
done in a laboratory setting, and data processing methodology, computational analysis with the
use of statistical software and programming, is required. The details for these separate
methodologies are described below.
Wet-lab Procedure
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Our project involves the study of six cyanobacterial cultures. Three of the six cultures, as
previously mentioned, use Chl d as their primary pigment in their photosystems. These cultures
are MBIC 11017 (MBIC), CCMEE 5410 (CCME), and Moss Beach (MOSS). The remaining
three cyanobacterial cultures involved in our analysis use Chl a as their primary pigment in their
photosystems and are KUAC 3106 (K31), KUAC 3056 (K30), and RCC 1774 (RCC). To begin
our experiment, our three Chl d containing cultures were grown under far-red light and the three
Chl a cultures were grown under white light for preliminary growth analysis that would later
inform our methodology for actual light treatment and RNA extraction. These six cultures were
inoculated and grown in a tailored cyanobacterial growth media, Marine BG-11 (MBG-11).
After inoculation, four of the six cultures, MBIC, CCME, RCC, and MOSS, were kept in 125
mL Erlenmeyer flasks, while the remaining two cultures, K31 and K30, were kept in a set of 33
one mL test tubes. It was necessary to keep K31 and K30 in these conditions to account for
biomass accumulation that affects the growth analysis of these cultures. All six cultures were
held under the light treatment specified previously and kept on a shaker of 70 RPMs.
To conduct growth analysis of each of the cultures, daily growth measurements were
taken over a period of 33 days. This growth analysis is what helps us to later determine when it is
the optimal time to perform our light treatment of the cultures and extract their RNA for
sequencing. Each day, a one mL sample was taken from our cultures, transferred into a cuvette,
and its absorbance from 300nm to 900nm was measured with the use of a spectrophotometer. For
those cultures with problems of clumped biomass (K31 and K30), one mL test tubes of the
cultures were sonicated for 5 minutes and gently mixed with a pipette prior to absorbance
measurements being taken. Spectral data for each culture was collected onto a flash drive each
day and was later used to create growth curves, plotting a given culture’s absorbance at a
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particular wavelength over the entire 33-day period. Growth curves for each culture were
analyzed to determine the period of days when a culture was experiencing exponential growth,
the ideal time to perform light treatment and RNA extraction of the cultures.
After growth analysis, two new sets of the six cultures were inoculated and grown in the
same growth media used previously, MBG-11. These sets of the cultures will be used for light
treatment and subsequent RNA extraction. Currently, this is the point of progress our project has
reached, with the following methodology planned for the completion of our project. After the
identification of the cultures’ log phases, one set of the six cultures will be treated to white light
for one hour while they are still growing, and the other set treated to far-red light for one hour
during exponential growth. Immediately after light treatment, RNA will be extracted from each
sample according to protocols found in the miRNeasy kit for RNA isolation and rRNA depletion
will be completed with a NEBNext rRNA depletion kit. cDNA synthesis will be performed
according to protocols found in the IDT xGen RNA library prep kit. DNA cleanup will be
completed with the MinElute Reaction Cleanup kit. Following RNA extraction and cDNA
synthesis, the samples will be sent to Rush University for sequencing.
RNA-Seq Pipeline
To conduct our study of the six cultures and identify possible candidate genes for the
biosynthesis of Chl d, RNA sequencing (RNA-seq) will be used to gather genomic information
on all cultures and further analyze gene expression across the samples. Samples received back
from sequencing will be in the form of FASTQ files. In order to process this sequencing data, a
bioinformatic framework must be built that can process raw data and transform the data into a
form that is suitable for statistical analysis. Current work on the project has been made to begin
building this RNA-seq pipeline with the use of published data obtained from NCBI. This data

5
comes from a project similarly related to the expression of Chl d containing organisms under
different stress conditions, particularly under different oxygen levels (Hernández-Prieto et al.,
2017).
To begin building our bioinformatic framework, FASTQ files for each of the samples
involved in the published work were downloaded from NCBI and aligned to the MBIC 11017
reference genome, downloaded from the Ensembl genome database. Alignment for the samples
was completed with the use of the R package Rsubread and the align() function available in that
package. The resulting BAM files from alignment contain those reads of the genes mapped to
our reference genome. BAM files were processed through the featureCount() function of the
Rsubread package that acquired us a count of each gene in the sequenced samples. This function
makes use of a gene transfer file that contains information on the gene structure of MBIC 11017
to obtain counts. Gene counts for each of the samples were transferred into a count matrix data
frame containing all samples and their gene counts. In the count matrix, columns represent
separate samples and rows represent different genes, with specific values indicating the count of
a gene in a sample.
With the gene count data frame obtained, lowly expressed genes were filtered out with
the use of the filterByExpr() function available in the R package edgeR. Counts were then
normalized to adjust for different library sizes between samples, so that expression levels are
truly comparable. Filtering and normalization techniques assist with downstream statistical
analysis methods. Subsequent data exploration and statistical testing for differential gene
expression analysis was performed with the use of functions also available in the edgeR package.
The edgeR package is formulated particularly for RNA-seq data analysis and contains several
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model fitting and model testing functions to assist with the identification of differentially
expressed genes (Robinson et al., 2010).
As previously mentioned, RNA sequencing data from the six cultures studied in this
project has not yet been obtained and testing of the RNA-seq pipeline has been conducted with
the use of published data. To show possible types of analysis, the results of this paper will cover
visuals and statistical testing done on this published data. Once our sequencing data is received,
the optimized pipeline will be used to perform RNA-seq analysis and hopefully identify those
sets of genes responsible for the biosynthesis of Chl d.
Results
Growth Analysis
Prior to performing any analysis of sequencing data, it was necessary for our experiment
to generate information on the growth of the six cultures that are to be studied. What is of
interest is when a culture is in its “log phase” of growth, meaning that a culture is still actively
experiencing exponential growth. This period of time is important for later steps in our wet-lab
methodology, as we want to perform light treatment and extraction of genetic material when a
culture is still actively growing. In order to determine a culture’s log phase, each culture’s
absorbance over the entire 33-day growth period was measured and cultures containing Chl d
were plotted at a wavelength of 730nm and cultures containing Chl a were plotted at the 680nm
wavelength (Figure 1). These wavelengths represent the peak absorbance for the respective
strains. Using the information on the time period of active growth allows us to plan light
treatment and RNA extraction as the project moves forward.
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Figure 1. Two example growth curve plots, one representative from Chl d containing cultures
(red) and one representative from Chl a containing cultures (blue). The period of days when a
culture shows an upward trend in absorption is the period of days indicated as its log phase.
RNA-Seq Pipeline Visualizations
After alignment, gene counting, and filtering of published data was performed, the first
priority was generating data exploration visuals. Data exploration gives us the capability of
directly observing what effects different experimental conditions may have had on a set of
samples. A popular form of data visualization in RNA-seq analysis is the usage of
multidimensional scaling (MDS) plots. MDS plots take in a matrix of distances among samples,
according to the Euclidean distance-based metric, and plot the relationships between sample
similarities. What is typically expected from an MDS plot using RNA-seq data is that samples
under the same condition will cluster closely together, while samples under a different condition
will cluster together, but apart from those samples of another condition.
With the use of the published data, data exploration of the counts table obtained was
performed with the creation of MDS plots (Figure 2). Two MDS plots were created, one without
normalization of the gene counts table, and one with trimmed mean of m-value (TMM)
normalization of the counts. Normalization of the count data is performed to ensure that
comparisons between expression levels of the samples is accurate. Each sample has different
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read counts, or sequencing depth, and gene lengths within a sample can also differ. Without
normalization to account for these differences in size and length, any analyses done will be
biased towards those samples or genes of a larger size, thus affecting true expression levels. The
TMM normalization technique works to account for these differences by calculating normalizing
factors from trimmed log fold and absolute intensity values between samples (Robinson &
Oshlack, 2010). These normalization factors are then applied to the actual library sizes of the
samples to generate an effective library size that is comparable across samples.
The creation of these MDS plots help to identify how closely samples under different
conditions are expressed and how replicates of the same sample condition compare to one
another. In both plots created with the published test data, most of the samples cluster together,
regardless of their sample condition, indicating similarities across the conditions in terms of
expression levels. There is a departure from the clustering from one control sample, indicating
that that this control sample’s expression differs greatly from the expression of the other
samples. A part of performing data exploration is to see whether results generated are what are
expected. Any unexpected results are points of further analysis to discover any mistakes made
that may need to be adjusted for in downstream analysis. For the results generated in the MDS
plots, having this control sample depart from the other controls could be an indicator that this
control sample was tainted, and may need to be removed from later analysis and statistical
testing.
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Figure 2. MDS plot comparison of all samples prior to (left) and after (right) TMM data
normalization. The closer proximity two samples share indicates a similarity between those
samples, while further distances between samples indicates dissimilarity.
After data exploration, formal statistical testing of expression levels can be performed to
indicate how samples under a stress condition compare in expression levels to a control sample.
These tests will determine what genes are significantly down-regulated or up-regulated under
different conditions, giving us an indication of how gene expression and gene function changes
to adapt to the different stress conditions. It is this information that helps us to understand what
genes are responsible for certain functions in our samples of interest.
To visually represent those genes that appear to be statistically significantly differentially
expressed, MA plots were generated using the published data after filtering and normalization
(Figure 3). MA plots are scatterplots that identify log2-fold-changes (M values) and average
intensity (A values) of gene expression levels for samples under two different conditions. Most
genes on the plot cluster around the 0 logFC value, indicating genes that are not expressed with
any significant difference between the two conditions. Those genes appearing above the logFC
value of 1, or below the logFC value of negative 1, are interpreted as differentially expressed. An
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absolute logFC value above 1 indicates that a gene is twice as expressed in the condition sample
as compared to the gene that appears in the control sample.
To create these MA plots, the plotSmear() function in the edgeR package was used. This
function takes in a test for differences in the negative-binomial count data. This test is performed
by the exactTest() function in edgeR. The exactTest() function will test for differences in the
means of the negative-binomially distributed counts of our two samples. The negative-binomial
(NB) model is used for statistical testing because of the overdispersed nature of sequencing data
that stems from biological variability. The data obtained from sequencing is count based and
statistical models for dealing with count-based data include the Poisson model and the NB
model. While the Poisson model cannot account for overdispersion as the mean and the variance
are the same in that model, the NB model allows us to account for overdispersion (Robinson et
al., 2010). The exactTest() function will return the logFC values for the samples being compared,
along with the associated p-value for the significance of the change.
Once the MA plots are generated and plot the individual genes’ expression levels and
intensity, identification of those genes that are significantly differentially expressed between the
control samples and treated samples may be done with highlighting those genes with p-values
less than 0.05 (Figure 3). In looking at the MA plots, while we cannot determine specific genes
of interest from the plots alone, the significant differentially expressed genes indicated in red
give a comparison of how many genes are significantly up-regulated or down-regulated under a
certain condition, and therefore how a condition may have had a genetic effect on the sample.
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Figure 3. Each dot on the MA plots represents a different gene in the sample, with red dots
indicating those genes identified as being significantly differentially expressed (p-value < 0.05).
The y-axis represents the expression level log2-fold-changes between the two conditions and the
x-axis represents how strongly the genes were expressed.
Further statistical testing of the negative-binomially distributed data was completed to
obtain logFC values for both the samples under the microoxic and hyperoxic conditions in one
table. To obtain this table, a quasi-likelihood negative binomial model was fit using the
glmQLFit() function in edgeR. This function intakes our normalized table of counts and a design
matrix, which assigns our samples to their respective conditions. The genewise statistical tests
for the samples was then completed with the glmQLFTest() function that performs empirical
Bayes quasi-likelihood F-tests (QL F-test). The usage of the quasi-likelihood model and QL Ftest is motivated by its robust nature that accounts for the small number of replicates that are
present in our data (Lun et al., 2016). What is returned from the testing function is a table of
genes and their associated logFC for each of the different conditions (microoxic and hyperoxic).
As previously described, an absolute logFC of greater than 1 identifies a gene as being
differentially expressed. LogFC changes of 1 indicate that one gene’s expression level is twice
that of another, a change of 2 indicates a quadrupled expression level, and so on. Under the
different conditions, it is of interest to determine how many genes are identified as being
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differentially expressed. Through summations of genes with absolute logFCs great than 1, a total
of 3193 transcripts were identified as being differentially expressed under either microoxic or
hyperoxic conditions. The breakdown of differential gene counts and the associated upregulation or down-regulation of those genes can be seen in Figure 4. This Venn diagram of
differentially expressed genes assists with up-regulation and down-regulation comparisons of
genes across the different conditions.

Figure 4. Venn diagram of total transcripts (3193) identified as differentially expressed. Upregulated (logFC > 1) genes are shown in red and down-regulated (logFC < -1) genes are shown
in green. A total of 813 genes were differentially expressed under both conditions; shared genes
with the same regulation are indicated by their respective colors, with opposing regulation
indicated in blue.
Discussion
Having obtained a table with the logFC values for each gene in the samples allows for us
to analyze particular relationships of interest that exist between a condition and groups of genes
that are up-regulated or down-regulated. It is these relationships that indicate what genes are
activated under a certain condition. The hope in the analysis of our six cyanobacterial cultures is
that we can compare gene expression of the same culture under the different light conditions and
therefore reveal in those Chl d containing samples what genes are responsible for producing Chl
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d. In the data used for analysis and the RNA-seq pipeline (Hernández-Prieto et al., 2017), the
relationship between different oxygen levels (microoxic and hyperoxic) and photo-pigment
biosynthesis was investigated, along with photosynthetic reactions and those reactions’
relationships with other metabolic reactions. We can formally compare the results of our
statistical analysis with their findings.
Similar to the study’s analysis of genes with opposing regulation under the different
conditions, in looking at the logFC values of our statistical testing we find that those genes
(AM1_0465 and AM1_0466) encoding proteins involved with the metabolism of tetrapyrrole
molecules, molecules involved with photosynthesis (Busch & Montgomery, 2015), are greatly
upregulated (logFC > 6) under microoxic conditions. However, under microoxic conditions,
genes dealing with the reduction of protochlorophyllide to chlorophyllide (AM1_1444,
AM1_1445, and AM1_1539) that assist in the biosynthesis of chlorophyll (Vedalankar &
Tripathy, 2019) were downregulated (logFC < -1). Along with these findings, the authors
indicate that a set of genes involved with coding proteins for the assembly of iron-sulfur clusters
were also downregulated under microoxic conditions, as was our finding for the genes of
AM1_1222 and AM1_1223. Those genes involved with the metabolism of tetrapyrrole molecules
and the assembly of iron-sulfur clusters interestingly showed the opposite regulation under
hyperoxic conditions, suggesting an impact of oxygen condition on those gene functions.
Another area of note in our analysis that matches the study’s findings deals with the
hemN gene that is involved with the biosynthesis of chlorophyll by catalyzing oxidation
reactions necessary to the biosynthetic pathways of chlorophyll. In Synechocystis, another
species of cyanobacteria containing Chl a, the hemN gene is upregulated under microoxic
conditions (Hernández-Prieto et al., 2017). For the Acaryochloris marina species used in this
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study, the genes that most resemble hemN are AM1_0467 and AM1_1283. From analysis of the
logFC for these genes, we identify that AM1_0467 is upregulated under microoxic conditions, as
this study did. This suggests that in Acaryochloris marina, AM1_0467 is a homologous gene to
hemN. Identifying these homolog genes in differing species is what allows us to make
conclusions about gene function and how it can possibly be reproduced in other organisms.
Further in our analysis, it was of interest to identify where the results of our pipeline and
those differentially expressed genes identified differed in comparison to the published study.
Creation of the table of logFC values for samples under the different conditions gives us all
genes that are differentially expressed. In exploring trends among those genes not identified in
the publication, two are of particular interest.
The first involves a set of genes responsible for the protection and regulation of
chlorophyll biosynthesis that are identified as high light inducible proteins (Komenda &
Sobotka, 2016). Out of the ten high light inducible proteins appearing in the list of differentially
expressed genes in the samples, half of them are upregulated (logFC > 1) under both microoxic
and hyperoxic conditions (AM1_1594, AM1_3233, AM1_3898, AM1_4585, and AM1_5009). As
these genes assist in the regulation of chlorophyll biosynthesis in cyanobacteria, the trend of
upregulation under the different stress conditions is interesting to note for its possible tie to the
regulation of chlorophyll in these samples.
Another set of genes appearing in the identified list of differential genes is a gene that
assists with the metabolic pathways in organisms, cytochrome P450. Specifically, of the four
cytochrome P450 genes that appear, three (AM1_4161, AM1_5115, and AM1_F0120) are
upregulated with logFC values greater than 1 under both microoxic and hyperoxic conditions.
The expression of these genes is thought to possibly lead to photosynthetic enhancements in
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cyanobacteria treated to high light (Santos-Merino et al., 2021). The induction of these genes
under the differing oxygen conditions then can similarly suggest photosynthetic enhancements
for Acaryochloris under the oxygen conditions.
These findings of genes assisting with chlorophyll biosynthesis and photosynthetic
responses were not noted in the published paper associated with the data used in this analysis.
The reason for the exclusion of these findings can stem from a few different sources. One
possibility is that the study’s findings are similar to ours, but they were not of relevance to
include in the final discussion of the publication. There is also the possibility that because
different data analysis approaches were taken in the analysis, the results of the analysis differ as
well. There exists many different software available to align sequencing data, perform data
preprocessing steps, and statistically analyze data. Different software then use different
approaches to the data processing methodology and thus, the specific functions of conducting the
analysis change. The publication associated with this data used open-source software tools for
alignment and mapping of genes and the Rockhopper system was used for differential analysis of
the sequencing data. Having our analysis done in R with the Rsubread and edgeR packages is
likely to lead to differences in final results as it is not the same software or statistical approach
taken to the data. Even though the original sequencing data is the same for both analyses, these
different approaches notably lead to different results.
Conclusion
Results of the RNA-seq pipeline on this published data yield compelling insights into the
genetic functions of the Acaryochloris species. Our project similarly seeks to find novel
information on the genetic expression of Acaryochloris, particularly as it relates to the species
ability to create and use Chl d as its primary photosynthetic pigment. Our project still involves
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ongoing work; the steps for light treatment and RNA extraction of our cyanobacterial cultures
are currently being streamlined, with the hope of sending out samples for sequencing very soon.
Work on the currently built RNA-seq pipeline will continue and different approaches for
differential gene analysis can still be explored. Further testing of the pipeline using other
published data (Gallagher & Miller, 2018) is also planned, with the goal of optimizing the
pipeline for its use on the data from our cultures.
Along with the goal of generating transcriptomic data for our cultures and optimizing the
pipeline, our hope is that generating this transcriptomic data and performing analysis can assist
in the unanswered question of what genes are responsible for the biosynthesis of Chl d. As
previously introduced, the identification of these genes has applications to optimizing crop
growth and agricultural land usage. If we are able to make use of the far-red radiation that is
unused by plants currently, revolutionary agriculture changes lead to a hopeful future of
increased food production. Research in this area impacts not only what current knowledge is
available on chlorophyll synthesis, but also impacts the larger community as well.
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